Abstract
Introduction
The incidence of thyroid carcinoma has substantially increased in the United States in recent years. In 2008, the estimated number of new cases of thyroid cancer was 37,340, in contrast to the estimated 60,220 new cases in 2013, which indicates that the incidence nearly doubled in five years [1, 2] . This dramatic increase in the number of new cases is mainly the result of the gradual increase in the use of ultrasound in routine physical examinations [3, 4] .
A key challenge in thyroid cancer research lies in distinguishing benign thyroid nodules from malignant tumors [5] [6] [7] . The problem is that most thyroid nodules are benign, with only 5-15% being malignant. The current cornerstone of preoperative thyroid nodule character evaluation is ultrasonographically guided fine needle aspiration (FNA). However, a clear limitation of this approach is that approximately 15-30% of FNAs reveal indeterminate or suspicious cytological findings [8] . Moreover, only one-fifth of the indeterminate FNAs are found to be malignant after diagnostic surgical operations [7] . Therefore, there is a compelling case for developing more practical and accurate diagnostic methods to preoperatively evaluate the characteristics of thyroid nodules, which could play an important role in the management of patients with benign lesions to avoid unnecessary thyroid lobectomies.
We hypothesis that the integration of small gene signatures and clinical data would substantially impact the predictive accuracy of thyroid tumor models and have promise or application in routine clinical practice. First, clinical data, including patient history, medical examination results and ultrasound imaging analysis, are typically available and form the foundation of dayto-day clinical decisions. Furthermore, data on clinically important variables have the distinct advantage of a relatively low noise level, which is important for cancer prediction accuracy.
Second, gene expression profiles have demonstrated the power to help determine the heterogeneity of various tumors [6, 9, 10] . Even patients with similar symptoms may have a distinct treatment response or prognosis, which is the foundation for advocating personalized medicine. Therefore, molecular biomarkers may offer an alternative means to indicate tumor behavior and enhance the predictive ability of models integrating multiple forms of clinical data. However, it is essential to select a small number of genes that can be easily assayed via quantitative PCR (qPCR) to predict thyroid tumors in clinical applications rather than to use a microarray analysis, which is more complex, expensive, and hard to interpret [11] .
In our previous study, we identified a three-gene signature-DPP4, SCG5 and CA12-that is measured via qPCR and performed well in distinguishing benign and malignant thyroid nodules [12] . Consistent with the integrative viewpoint, our present analysis focuses on the selection of relevant clinical information to develop an integrated clinico-genomic model for further improvement of thyroid cancer prediction.
Materials and Methods

Patient clinical information and tissue samples
To select and validate clinical variables that are significantly correlated with thyroid tumor malignancy, we collected data from 771 patients with clinically significant thyroid nodules who had undergone thyroid ultrasonography and were ultimately diagnosed with a thyroid tumor after partial or total thyroidectomy operations. The patients had received treatment in 2011-2012 at the Otolaryngology Department in Shanghai Renji Hospital, China. The mean age ± standard deviation of the 771 patients, including 202 males (26.2%) and 569 females (73.8%), was 47.4 ± 12.5 years (range: 13-77 years). Thyroid ultrasonography examinations were performed and recorded by two radiologists who were professionals in thyroid sonography using a L12-5 transducer (Siemens, Germany) on an S2000 scanner (Siemens, Germany). Two additional independent cohorts, which include 70 (Cohort 2) [12] and 72 (Cohort 3) randomly selected patients in 2013 from two centers (Shanghai Renji Hospital and Xinhua Hospital), were analyzed for validation of the model based on clinical information and an integrated model that combined clinical information with gene expression. Tissue samples preserved in the RNALater reagent during the operation and immediately transferred to -80°C to stabilize the RNA, together with the clinical data collected from the 142 patients. The demographic, clinical and ultrasound characteristics for each patient in the three cohorts are summarized in Table 1 . The distributions of the histopathological subtypes of benign and malignant thyroid nodules in the three cohorts are shown in Table A in S1 File. All patient personal information was de-identified and is unknown to the authors, and the sample collections were approved by the institutional review boards of the Renji and Xinhua Hospitals.
RNA extraction and qPCR
Extraction and analysis of RNA were performed as previously described (our paper). To validate the expression levels of the three genes-DPP4, SCG5 and CA12 (which were selected by a Bayesian model averaging (BMA) algorithm in our previous research and predict thyroid tumors with good accuracy), reverse transcription real-time qPCR was performed using the SYBR Green method and the previously reported primer sets [12] . Glyceraldehyde-3-phosphate dehydrogenase (GAPDH) was used as a reference gene, The relative gene expression level was calculated as follows: 2 -ΔCt ×100 (ΔCt = Ct target gene −Ct GAPDH ) [13] .
Feature selection in clinical data using random Forest (RF) models
Five hundred and thirty-nine patients (70% of the patients in Cohort 1; data set: Cohort 1-TR), which included 241 benign and 298 malignant samples, were randomly stratified as the training set to construct the prediction model. Two hundred and thirty-two patients (30% of the patients in Cohort 1; data set: Cohort 1-TE), which included 104 benign and 128 malignant nodules, comprised the test data. The original RF model contains 23 variables (Table 1) , including eleven categorical variables: (1) Sex (male = 0, female = 1), (2) Mobility of mass upon physical examination (nonpalpable = 0, fixed = 1, mobile = 2), (3) Texture of mass upon physical examination (nonpalpable = 0, soft = 1, medium = 2, hard = 3), (4) Max nodule diameter in ultrasound (<1.00 cm = 1, 1.00-1.99 cm = 2, 2.00-2.99 cm = 3, ! 3 cm = 4), (5) Nodule number in ultrasound (single = 1, germination = 2, multiple = 3), (6) Nodule echo type in ultrasound with respect to normal thyroid parenchyma (hypoechoic = 1, isoechoic = 2, hyperechoic = 3, mixed echogenicity = 4), (7) Ultrasound lymph node number (without lymph node involvement = 0, single lymph node = 1, two lymph nodes = 2, multiple lymph nodes = 3), (8) Ultrasound lymph node morphology (without lymph node involvement = 0, morphology regular = 1, morphology irregular = 2), (9) Ultrasound lymph node boundary (without lymph node involvement = 0, boundary clear = 1, boundary vague = 2), (10) Ultrasound lymph node veins (without lymph node involvement = 0, veins abundant = 1, veins scarce = 2), and (11) Calcification (No calcification = 0, calcification = 1, micro-calcification = 2). The ultrasound images in our study were reviewed by two experienced sonographers (J.D. and L.W) with more than 5 years' experience. As for the inconsistent results, the two examiners with another expert examiner (J.X.) who has more than 15 years' experience would review and reach a consensus by discussion.
The random forest algorithm [14] has commonly been used for descriptor selection because it provides information regarding variable importance for the classifier. The percent increased mean square error (%IncMSE) was calculated, which indicates the declension of the predictive ability of the model when each descriptor is permuted in turn by random noise. An increased %IncMSE typically indicates a greater role for the variable in the prediction model. In this study, we set the cut-off value of %IncMSE to 10, which indicates that if the %IncMSE value of a descriptor is 10 or higher, it can be selected as a variable to distinguish benign from malignant nodules.
Data mining algorithm based on clinical data and cross-validation
The most commonly used classification methods can be divided into two groups: one category comprises the strong classification algorithms, such as support vector machine (SVM) and Naïve Bayes (NB); the other category comprises the combination classification algorithms, which are also referred to as weak classification algorithms, such as random forest (RF). SVM and RF are the most widely used classifiers in bioscience; thus, comparisons between the performances of these two methods have been performed many times [15] [16] [17] [18] . RF is a useful classifier with the following unique advantages over SVM: it provides the importance of the variable, exhibits good tolerance to noise in the data and little or no overfitting and is applicable to several data types. Thus, we employed RF for classification analyses in this study. The RF algorithm was implemented by the R package 'randomForest' [19] with its default parameters was applied.
The arrangement of the training and test sets to construct and validate the model based on clinical information is summarized in Fig 1. Ten-fold cross-validation in the training set was used to assess the robustness and the predictive results of the models. Thus, the training set was randomly split into 10 equal parts, in which 9/10 of the data were used to develop the model and the remaining 1/10 of the data were evaluated as the independent test data. Furthermore, three independent data sets, including Cohort 2 [12] , Cohort 3 and 30% of the samples randomly selected from Cohort 1, comprised the test set. The sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV) and predictive accuracy were calculated to evaluate the predictive performance.
Integrated clinical-gene-expression models and cross-validation
One hundred and forty-two thyroid tissue samples, including 70 samples from Cohort 2 and 72 samples from Cohort 3, had both clinical and gene expression information. The relative mRNA expression levels of the three genes (DPP4, SCG5 and CA12) measured by real-time qPCR, the clinical predictive factors previously described, and the combined gene signature and clinical variables were applied to the random forest classification with default parameters. The information obtained from Cohorts 2 and 3 was from two centers; thus, one cohort was used as the training set, and the other cohort was used as the test set. In addition, 10-fold crossvalidation of the 142 samples (together with Cohorts 2 and 3) was conducted to assess the integrated model. The work flow for the comparison of the classifier models based on the threegene signature, the clinical information, and the integration of gene expression with clinical data is summarized in Fig 1b. 
Results
Univariate analysis
The study population of Cohort 1, which included 848 patients, was recruited between January 2011 and December 2012 at Shanghai Renji Hospital to assess the important clinical characteristics in thyroid cancer prediction. Certain patients were excluded because of incomplete data records (n = 57), a delay in undergoing surgery (n = 11; more than 120 days from ultrasound examination), data input errors (n = 7), and disagreements in the histopathologic diagnosis (n = 2). Thus, 771 patients (90.9%) were included and were randomly divided into the training set (Cohort 1-TR, 539 samples, 241 benign nodules and 298 malignant tumors) and the test set (Cohort 1-TE, 232 samples, 104 benign nodules and 128 malignant tumors). Furthermore, the clinical data from two independent data sets, which included Cohort 2 [12] and Cohort 3, were recorded as two additional test sets for model validation (Fig 1) . Data from 539 samples from data set Cohort 1-TR (70%) were available for feature selection and for the development of the clinical data cancer prediction model. All the relevant data for Cohort 1, 2 and 3 was available in S2 File.
To evaluate the potential risk factors involved in diagnosing malignant thyroid tumor, univariate analyses of the demographic data, physical examination and ultrasound-based variables in the training set were performed; the abbreviations for the clinical variables are listed in Table 2 (p<0.01 for all parameters). All variables except the two ultrasound-based variables (nodule number and position) were significantly different between benign and malignant thyroid nodules. Feature selection of clinical data by random Forest
The feature selection procedure was completed using the R package 'randomForest. ' There are two main parameters in random Forest: mtry, which represents the number of different descriptors tried at each split; and ntree, which represents the number of trees in the forest. For the ntree parameter, we employed default values (ntree = 500); for mtry, we utilized a 10-fold cross-validation to test the cross-validated prediction performance of the models with a sequentially reduced number of predictors. As shown in S1 Fig, when mtry = 7 , the model attained the optimum mtry with the lowest MSE at each step. Because the %IncMSE is consistent with the importance of the descriptors, we determined the most important parameters based on the %IncMSE values (S2 Fig). We employed the top seven features as the significant variables with a cutoff of ten for the %IncMSE value to train the clinical model, which included five ultrasound variables (Nodule morphology, Echo type, Calcification, Cystic lesion and Nodule boundary), one demographic variable (Age) and one physical examination variable (Texture of mass in physical examination).
Validation of the predictive performance of the clinical information model
Seven variables were employed in the reduced random forest model with the training set of Cohort 1-TR, and three independent data sets were evaluated as the validation data set. Table 3 and indicate that the model with the 7 clinical characteristics was effective at distinguishing malignant thyroid nodules from benign nodules.
Combined model for thyroid tumor prediction
Although the predictive performance based on the 7 clinical variables was good in the random forest algorithm, a subset of patients with malignant tumors would still be misclassified into the benign group because of similar clinical symptoms. This finding suggests that gene expression level variables should be integrated to further improve the predictive accuracy and to analyze the mechanism of thyroid tumor at the gene level. In the combined model, the expression levels of the three genes selected by an iterative BMA method in our previous study [12] was combined with 7 clinical variables and simultaneously entered into the model classification.
The gene expression levels of DPP4, SCG5 and CA12, which were measured by qPCR in thyroid tissue samples, combined with the 7 selected significant clinical variables were detected and recorded for 142 patients, including 70 patients in Cohort 2 and 72 patients in Cohort 3. The relative gene expression levels of all the 142 patients are summarized in Table B in S1 File and Fig 2. In Cohorts 2 and 3, the gene expression levels of DPP4 and SCG5 were significantly different, whereas CA12 exhibited little expression difference between benign and malignant thyroid nodules; these findings are consistent with our previous research [12] .
The two data sets originated from different centers. Thus, Cohorts 2 and 3 were utilized as training and test sets, respectively, to compare the predictive performances of the random Forest model based on the three-gene signature, the 7 clinical variables, and the combination of gene expression and clinical data (Fig 1b) . To further validate the superiority of the model combining clinical information and gene expression, we combined Cohorts 2 and 3 and performed a 10-fold cross-validation for the 142 patients. The input variables comprised the 3-gene signature, 7 clinical variables, and the combined gene expression and clinical data. The predictive performance was evaluated according to the sensitivity, specificity and predictive accuracy. As shown in Table 4 , the predictive sensitivity using clinical data was lower than that of the model based on the expression levels of the three genes; however, the specificity of the prediction based on the clinical data was superior to that of the other two models. These findings indicate that the predictive abilities of gene expression and clinical data complement each other. Regardless of the cohort used as the test set or in the 10-fold cross-validation, the predictive accuracy was highest when the model was based on the combination of gene expression and clinical data.
Discussion
The diagnosis of thyroid cancer remains a common problem in routine physical examination. It is important to preoperatively identify malignant thyroid nodules. With the development of genomic technology and advances in analyzing complex biomedical information, many investigators have focused on the molecular classification of thyroid nodules based on oligonucleotide microarray gene expression patterns using tissues or FNA samples [5-7, 20, 21] . However, the use of these methods for the prediction of thyroid nodule malignancy in routine clinical practice is impractical because 1) the quantitative measurement of vast, complex microarray gene expression patterns increases the cost for patients with thyroid nodules, and most genes are irrelevant to thyroid nodule characteristics [22] ; 2) the analysis of a large number of genes requires clinical specialists to master complex statistical or computational tools [22] [23] [24] ; 3) the results of microarrays may exhibit poor reproducibility and significant interbatch variability [11] ; and 4) the various microarray platforms lead to differences in gene expression profiling [25] .
To some extent, clinical data can address the deficiencies of genomic data. The routine clinical data used to aid in the diagnosis of thyroid tumors include the demographic data, physical examination data and ultrasound characteristics of patients with thyroid nodules. Recent studies have been conducted to distinguish malignant thyroid nodules according to characteristics evaluated by high-resolution thyroid ultrasonography [26] [27] [28] [29] . Currently, microcalcifications, irregular nodule morphologies, hypoechogenicity of the nodules, and a blurred margin and shape have demonstrated strong relationships with malignant thyroid neoplasms [26] [27] [28] [29] . Unfortunately, there are no uniform sonographic criteria for accurately predicting malignancy in thyroid nodules. Benign and malignant thyroid nodules can be difficult to clinically differentiate owing to their overlapping ultrasound patterns and the differences in the sensitivity of contrast-enhanced ultrasound in various ultrasonic testing devices. Thus, in addition to the ultrasonographic characteristics, other clinical data, such as the hormonal status or palpation of the nodules, should be integrated to further improve the accuracy of predicting malignancy in thyroid nodules.
In our study, 23 clinical variables that were considered to have correlations with malignant thyroid tumors were selected by the consensus of senior otolaryngologists and sonologists. A RF method was utilized to simplify the variables in the prediction model, and 7 variables were selected to distinguish between the benign and malignant groups in the training set, which included 1 demographic, 1 clinical and 5 ultrasound variables. Several features, including (1) irregular nodule morphologies, (2) nodules with hypoechogenicity, (3) nodules with Cohort 2 was used as the training set, and Cohort 3 was employed as the test set.
b.
Cohort 3 was used as the training set, and Cohort 2 was employed as the test set. c. Cohorts 2 and 3 were combined as a data set and validated by 10-fold cross-validation. Thyroid Carcinoma Prediction Using Combined Signatures calcification or micro-calcifications, (4) a lack of cyst formation, (5) patients at a young age, (6) palpate hard nodules upon physical examination, and (7) unclear boundaries of a nodule, were vital characteristics of malignant thyroid tumors and were included in our prediction model based on the clinical data. The distributions of the 23 descriptors were compared between the benign and malignant thyroid nodules. There were no significant differences in the number or position of the nodules between the benign and malignant thyroid tumors. Apart from these two characteristics, the remaining variables comprised risk factors for malignant tumors.
The model based on the 7 clinical variables performed well and was stable. In three independent data sets from two centers, the predictive accuracies were all greater than 80% using a random forest model, a value superior to those reported in previous studies that only used ultrasound parameters to predict thyroid nodule characteristics [26, [28] [29] [30] [31] . Therefore, we are optimistic that ultrasound examination integrated with other demographic or clinical data will facilitate the development of a model superior to the application of ultrasound diagnosis alone.
Our study further confirms previous evidence that predictive accuracy can be enhanced by integrating clinical variables with genomic data [32] [33] [34] [35] . However, the high cost, equipment, analytical procedures and critical need for precision in the operating steps to obtain reproducible results has restricted the application of microarray analysis in daily clinical use [36] [37] [38] . In contrast, qPCR is a practical and economic method in routine clinical use that can measure the fold changes in the expression levels of individual genes with high sensitivity and reproducibility [36, 39] . Therefore, in our previous study [12] , we analyzed the public microarray data sets from the Gene Expression Omnibus, selected specific genes from overall gene expression profiling and constructed a qPCR-based model that included a three-gene signature (DPP4, SCG5 and CA12).
To our knowledge, there are no publicly available databases that contain both gene expression data and relatively complete clinical information for thyroid tumors. In the current study, we measured the expression of the three previously identified genes via qPCR in 142 patients from two centers and then combined these data with 7 clinical factors selected in the current research to construct an integrated model to predict malignant thyroid nodules. To further reduce the impact of the unbalanced distribution from the two centers, we utilized a 10-fold cross-validation in addition to a 2-fold cross-validation (one data set as the training set and the other data set as the test set). It is clear that regardless of the validation set that was used, the best predictive performances were achieved by the random forest model based on the integrated clinical and molecular variables, which outperformed models that used clinical or genomic data alone. The gene expression model had a higher sensitivity than the clinical information model but a relatively low specificity in our study, and the clinical information model showed the reverse performance. Thus, in combination, these methods complement each other to produce an increased predictive accuracy.
However, we should note that this study comprised a pilot study. With advances in molecular medicine and improvements in personalized medical databases, more complex clinical factors and other clinical factors (such as the characteristics of ultrasound elastography or the levels of other serum biomarkers of thyroid tumors) and omics data (such as single-nucleotide polymorphisms, protein pattern concentrations, and metabolite analysis) may be further studied to improve the model and facilitate its day-to-day clinical application in thyroid cancer management. 
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